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Background and objective: Musculoskeletal disorders (MSDs) are one of the most important causes of 
disability with a high prevalence. The accurate and timely diagnosis of these disorders is often diﬃcult. 
Clinical decision support systems (CDSSs) can help physicians to diagnose diseases quickly and accurately. 
Given the ambiguous nature of MSDs, fuzzy logic can be helpful in designing the CDSSs knowledge bases. 
The present study aimed to review the studies on fuzzy CDSSs to diagnose MSDs. 
Methods: A comprehensive search was conducted in Medline, Scopus, Cochrane Library, and ISI Web of 
Science databases to identify relevant studies published until March 15, 2016. Studies were included in 
which CDSSs were developed using fuzzy logic to diagnose MSDs, and tested their accuracy using real 
data from patients. 
Results: Of the 3188 papers examined, 23 papers included according to the inclusion criteria. The re- 
sults showed that among all the designed CDSSs only one (CADIAG-2) was implemented in the clinical 
environment. In about half of the included studies (52%), CDSSs were designed to diagnose inﬂamma- 
tory/infectious disorder of the bone and joint. In most of the included studies (70%), the knowledge was 
extracted using a combination of three methods (acquiring from experts, analyzing the data, and re- 
viewing the literature). The median accuracy of fuzzy rule-based CDSSs was 91% and it was 90% for other 
fuzzy models. The most frequently used membership functions were triangular and trapezoidal functions, 
and the most used method for inference was the Mamdani. 
Conclusions: In general, fuzzy CDSSs have a high accuracy to diagnose MSDs. Despite the high accuracy, 
these systems have been used to a limited extent in the clinical environments. To design of knowledge 
base for CDSSs to diagnose MSDs, rule-based methods are used more than other fuzzy methods. 
© 2018 Elsevier B.V. All rights reserved. 
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0. Introduction 
Musculoskeletal Disorders (MSDs) are one of the most impor-
ant leading causes of years lived with disability (YLD). The preva-
ence of these disorders was reported 18.5% (16.4–20.9%) by the
lobal burden of diseases study (2015) [1] . MSDs include a wide
ange of injuries affecting muscles, joints, ligaments, tendons, pe-
ipheral nerves, and supporting blood vessels. These disorders lead
o a reduction in work eﬃciency of individuals and are one of the
ost common reasons for work absence [2] . Signiﬁcant prevalence,
hronicity, and disability resulting from these disorders impose
ubstantial economic burdens on societies worldwide [3] . There-∗ Corresponding author at: Health Information Management Research Center, 
ashan University of Medical Sciences, Kashan, Iran. 
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169-2607/© 2018 Elsevier B.V. All rights reserved. ore, timely and accurate diagnosis of these disorders and initiating
he treatment of them are of great importance. 
MSDs are not easy to diagnose on time because the nature
f knowledge about them is ambiguous and the level of experts’
nowledge varies [4] . Physicians often use the trial and error strat-
gy for the diagnosis and treatment of these disorders [5] . Incor-
ect diagnosis of these disorders can lead to later expensive inves-
igations and delayed treatment. 
Clinical decision support systems (CDSSs) can help physicians
ith disease diagnosis. These diagnosis CDSSs provide the patient’s
linical information and knowledge about the disease at the time
nd place required by the clinical staff. The studies have shown
hat these systems are highly accurate in diagnosis of diseases 
6–8] and mostly improve the performance of healthcare providers
9] . 
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Table 1 
Keywords and MeSH terms related to fuzzy logic, decision support system, and diagnosis. 
Domain Keywords MeSH terms 
Fuzzy Fuzzy –
Decision 
support system 
Decision support system, decision support tool, reminder system, 
reminding system, alert system, alerting system, computer assisted 
decision making, computer assisted diagnosis, computer assisted 
therapy, expert system, CDS, order entry system, computerized order 
entry, computerized prescriber order entry, computerized provider 
order entry, computerized physician order entry, electronic order entry, 
automated order entry, CPOE, electronic prescribing, electronic 
prescription, computer assisted drug therapy 
Clinical decision support 
systems, computer assisted 
decision making, computer 
assisted therapy, expert 
systems, medical order entry 
systems 
Diagnosis Diagnose, diagnoses, diagnosis, diagnostic, detection, identiﬁcation, 
recognition 
Diagnose 
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a  The knowledge base is one of the key components of any
CDSS. A variety of methods are used to organize and formalize the
knowledge in the knowledge base. These methods include neural
network, Bayesian network, rule-based reasoning, decision tree, ge-
netic algorithm, and fuzzy logic [10–14] . Given the ambiguous na-
ture and uncertainty of medical knowledge, among these methods
the fuzzy logic has a signiﬁcant ability to deal with uncertainty
and ambiguity. Fuzzy logic models human knowledge in the form
of linguistic variables [15] . Fuzzy sets allow for the use of tradi-
tional symbolic systems in the continuous form, which is impor-
tant because medicine is a continuous domain [16] . In a system-
atic review that assessed the accuracy of computer technologies in
pain management, the fuzzy logic methods have the highest accu-
racy in medical diagnosis compared to other knowledge modeling
methods [17] . 
Given the wide range of MSDs and the ambiguous nature of
knowledge of these disorders, many studies have used fuzzy logic
methods to model knowledge of these disorders to use in the
CDSSs knowledge base [18–21] . However, there are questions about
the accuracy of these systems, their rate of use in the clinical envi-
ronment, the type of disorders they have been created to diagnose,
the knowledge source of these systems, the membership function,
and the inference method that is most used. Therefore, it appears
necessary to aggregate the results of studies related to the design
and test of Fuzzy CDSSs for the diagnosis of MSDs. 
Questions that the present study attempted to answer are as
follows: (1) how accurate are fuzzy CDSSs in diagnosis of MSDs?
(2) how many of these systems have been used in clinical settings?
(3) which type of MSDs have these systems been created for? (4)
what are the knowledge sources of these systems? (5) which of the
fuzzy logic methods has been used for the modeling of knowledge
in these systems? 
2. Methods 
The present study was reported following Preferred Reporting
Items for Systematic Reviews and Meta-Analyzes (PRISMA) pro-
posed by Moher et al. [22] . 
2.1. Data sources and search strategies 
A systematic and comprehensive search was performed in the
databases of Medline (through PubMed), Scopus, Cochrane Central
Register of Controlled Trials, and ISI Web of Science to identify rel-
evant studies published until March 15, 2016. The search strategy
included a combination of keywords and MeSH terms related to
fuzzy logic, CDSS, and diagnosis. Due to the large number of key-
words related to MSDs, the search strategy did not specify the type
of disease, and the choice of studies related to these diseases was
carried out by the researchers at the screening stage of the articles.
Table 1 shows the complete list of keywords and terms used in the
search. .2. Eligibility criteria 
Studies were included that met all the following criteria: (1) the
ystem was designed to diagnose MSDs; (2) one of the fuzzy logic
ethods was used for knowledge modeling; (3) the diagnostic ac-
uracy of the system was tested using real patient data and the re-
ult was reported. The exclusion criteria were (1) the system was
esigned for prediction, risk assessment, treatment, or screening of
SDs; (2) the results of the system test was not reported quantita-
ively; (3) reviews, editorials, and conference proceedings; (4) the
peration of the system was based on image processing; (5) the
rticles whose full text was not available in the English language;
nd (6) the systems whose knowledge modeling method was not
xplicitly explained. 
.3. Data extraction 
Two reviewer independently screened the titles and abstracts
f the identiﬁed articles. The full text of the articles was retrieved
nd reviewed if it was considered potentially relevant at least one
eviewer. Any disagreement between the reviewers was resolved
y consensus. 
The following data were extracted from the included studies
nd entered into a spreadsheet: authors’ name, year of publica-
ion, country that the system was designed there, disease, user of
ystem, implementation in clinical environment, source of data for
raining and testing of system, sample size, time of data gather-
ng (prospective or retrospective), source of knowledge, result of
esting, fuzzy method for designing of system, and detailed infor-
ation about fuzzy method. 
Data extraction from the included studies was done by the
rst reviewer and was independently checked and approved by
he second reviewer. In studies where the system user was titled
physician, general practitioner, family doctor, inexperienced medi-
al doctor and non-specialist physician”, the term of “clinician” was
sed as the system user. Retrospective studies are those that the
ata used to test the system are collected before the creation of
he system and prospective studies are those that the data to test
he system are collected after the creation of the system. 
.4. Data-synthesis and analyses 
Meta-analysis was not performed due to the heterogeneity of
ethodology used in the included studies and methods of report-
ng results. The results of the included studies were reported us-
ng descriptive statistics. In studies that reported a separate result
or each test stage, only the results of the ﬁnal test stage were re-
orted, and in studies that reported separate results for each of the
ules or each stage of the disease, a mean was calculated and re-
orted. MSDs are categorized based on the Textbook of Disorders
nd Injuries of the Musculoskeletal System: An Introduction to Or-
M. Farzandipour et al. / Computer Methods and Programs in Biomedicine 163 (2018) 101–109 103 
Fig. 1. Flow diagram of the literature search and study selection. 
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nhopedics, Fractures and Joint Injuries, Rheumatology, Metabolic
one Disease and Rehabilitation [23] . 
. Results 
.1. Study selection 
As shown in Fig. 1 , a total of 4193 records were obtained by
earching the Medline, ISI Web of Science, Scopus, and Cochrane
atabases, of which 3188 remained after removing the duplicates.
fter reviewing the titles and abstracts and matching with the in-
lusion and exclusion criteria, 45 papers remained for full-text re-
iew. Finally, 23 eligible studies included in this review. 
.2. General characteristics of the included studies 
The general characteristics of the included studies are pre-
ented in Table 2 . The oldest and newest papers were published
n 1985 and 2014, respectively. The 23 included papers were
rom 23 unique studies. Six studies were conducted in Austria 
18,24–28] , four in India [20,29–31] , three in Italy [32–34] , three
n Turkey [19,35,36] , and one study in each of the following coun-ries: Russia [37] , Bosnia and Herzegovina [38] , Brazil [39] , France
40] , Greece [41] , Slovenia [42] and Spain [21] . 
To acquire knowledge for systems in the included studies one of
he following three methods or a combination of them was used:
1) knowledge acquisition from the medical expert, (2) data anal-
sis, and (3) literature. In 16 studies (70%) a combination of these
hree methods was used. In the rest of studies (30%) only one of
he methods was used (data analysis in four studies [19,33,35,36] ,
xperts’ knowledge in two studies[38, 39] and literature in one
tudy [25] ). 
The user of the system was mentioned in 17 studies (74%). Clin-
cians were system users in 16 studies. Also, two systems could be
sed as a training tool for medical students [19,42] . In two stud-
es [30,31] , the system user was a patient. Only in ﬁve studies
18,24,26–28] , the system was used to diagnose MSDs in clinical
nvironments, all of which were related to the CADIAG-2 system. 
Table 3 shows the MSDs categories that CDSS was designed for
heir diagnosis. While in about half of the included studies (52%),
DSSs were used to diagnose inﬂammatory/infectious disorder of
he bone and joint, in none of them a system was designed to
iagnose congenital/hereditary disorders, idiopathic disorders, and 
eoplasm of musculoskeletal tissue. 
104 M. Farzandipour et al. / Computer Methods and Programs in Biomedicine 163 (2018) 101–109 
Table 2 
General characteristics of the included studies. 
Reference (Authors, year, country) Disease Source of 
knowledge 
Source of data 
(train, test) 
User Real 
implementation 
Prospective 
/retrospective 
[19] (KELES, 2014, Turkey) Vertebral column 
diseases (disk hernia 
and 
spondylolisthesis) 
Analyzing the data UCI dataset • Clinician 
• Medical Students 
No Retrospective 
[29] (Kunhimangalam et al., 2014, 
India) 
Peripheral 
neuropathy 
• Analyzing the 
data 
• Expert 
Patient data from 
hospital 
Clinician No Retrospective 
[20] (Kunhimangalam et al., 2013, 
India) 
Carpal tunnel 
syndrome 
• Analyzing the 
data 
• Expert 
• Literature 
Patient data from 
hospital 
• Clinician 
• Specialist 
No Retrospective 
[37] (Al-kasasbeh et al., 2013, Russia) Backbone 
osteochondrosis 
• Expert 
• Literature 
• students and 
teachers from 
University 
• Patient data from 
hospital 
– No Prospective 
[38] (Subasi et al., 2012, Bosnia and 
Herzegovina) 
Neuromuscular 
disorders 
Expert Patient data from 
hospital 
Clinician No Prospective 
[39] (Picon et al., 2012, Brazil) Diabetic neuropathy Expert Patient data from 
hospital 
Clinician No Retrospective 
[35] (Sari et al., 2012, Turkey) Low back pain Analyzing the data Patient data from 
hospital 
– No Prospective 
[30] (Singh et al., 2012, India) Arthritis • Analyzing the 
data 
• Expert 
Patient data from 
Research Centre 
Patient No Retrospective 
[31] (Blessia et al., 2011, India) Osteoarthritis • Analyzing the 
data 
• Expert 
Patient data from 
hospital 
• Clinician 
• Patient 
No Retrospective 
[41] 
(Moustakidis et al., 2010, Greece) 
Osteoarthritis • Analyzing the 
data 
• Expert 
• Literature 
Patient data – No Retrospective 
[36] (Koçer, 2010, Turkey) Neuromuscular 
disease 
Analyzing the data Patient data from 
hospital 
– No Prospective 
[32] (Binaghi et al., 2008, Italy) Temporomandibular 
disorders 
• Literature 
• Expert 
Patient data from 
hospital 
Clinician No Prospective 
[42] (Zelic et al.,1997, Slovenia) Sport injuries • Analyzing the 
data 
• Expert 
Patient data from 
hospital 
• Clinician 
• Medical Students 
• Specialist 
No Retrospective 
[25] (Leitich et al., 1996, Austria) Rheumatoid arthritis Literature Patient data from 
hospital 
– No Retrospective 
[40] (Duckstein et al., 1995, France) Peripheral 
polyneuropathy 
• Analyzing the 
data 
• Expert 
Patient data from 
hospital 
– No Prospective 
[21] (Belmonte-Serrano et al.,1994, 
Spain) 
Arthritis and collagen 
diseases 
• Expert 
• Literature 
Patient data from 
hospital 
Clinician No Retrospective 
[33] (Binaghi et al., 1993, Italy) Postmenopausal 
osteoporosis 
Analyzing the data Patient data from 
hospital 
Clinician No Retrospective 
[34] (Binaghi et al., 1990, Italy) Osteoporosis • Analyzing the 
data 
• Expert 
Patient data from 
hospital 
Clinician No Retrospective 
[18] (Adlassnig et al, 1985, Austria) 
[24] (Leitich et al., 2001, Austria) 
[26] (Adlassnig et al., 1993, Austria) 
[27] (Kolarz et al., 1986, Austria) 
[28] (Adlassnig et al, 1985, Austria) 
Rheumatic diseases 
• Analyzing the 
data 
• Expert 
• Literature 
Patient data from 
hospital Clinician Yes Prospective 
Table 3 
Classiﬁcation of musculoskeletal disorders. 
Classiﬁcation of musculoskeletal disorders Reference 
Inﬂammatory/infectious disorders of bones and joints [18, 19, 21, 24–28, 30–32, 41] 
Neuromuscular disorders [29, 36, 38, 40] 
Degenerative disorders of joints and related tissue [19, 20, 32, 35] 
Metabolic disorders of bone [33, 34, 39] 
Disorders of epiphyses and epiphyseal growth [37] 
Traumatic disorders [42] 
Congenital/hereditary disorders –
Idiopathic disorders –
Neoplasm of musculoskeletal tissue –
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Table 4 
Characteristics of fuzzy rule-based systems. 
Reference Details of fuzzy method Sample 
size 
(test) 
Results Reference 
for 
diagnosis 
Linguistic variables Membership 
function 
Fuzzy 
operator 
Fuzzy inference Number of 
rules 
Defuzziﬁcation 
method 
Software 
[19] Small, Medium, Large Triangular AND —∗ 8 — Visual 
Studio 
and SQL 
server 
305 Sensitivity: 94% 
Speciﬁcity: 71% 
PPV ∗∗: 87% 
NPV ∗∗∗: 86% 
Patient data 
[29] Very low, Low, 
Normal, High, 
Very high 
Triangular 
and 
trapezoidal 
AND Mamdani 105 Centroid 
calculation 
MATLAB 104 Accuracy: 
93.26% 
Sensitivity: 
91.58% 
Speciﬁcity: 
98.01% 
PPV: 94.01% 
NPV: 96.41% 
Clinical 
diagnosis 
[20] Very low, Low, 
Normal, High, 
Very high, 
Absent, Mild, 
Moderate 
Triangular 
and 
trapezoidal 
AND Mamdani 75 Centroid 
calculation 
MATLAB 135 Accuracy: 
98.46% 
Sensitivity: 
94.98% 
Speciﬁcity: 
97.76% 
PPV: 94.65% 
NPV: 96.56% 
Clinical 
diagnosis 
[37] Present, Rare, 
Frequent, Weak 
— — — — — — 460 Accuracy: 81% 
Sensitivity: 79% 
Speciﬁcity: 81% 
Clinical 
diagnosis 
[39] Absent, Present, Low, 
Moderate, High, 
Short, Long 
Triangular 
and 
trapezoidal 
AND Mamdani 96 Centroid 
calculation 
— 50 Accuracy: 91% Clinical 
diagnosis 
[30] No pain, Min, Max Triangular 
and 
trapezoidal 
AND — 30 Centroid 
calculation 
MATLAB 150 Accuracy: 100% Patient data 
[31] No pain, Min, Max Triangular 
and 
trapezoidal 
AND Mamdani 33 Centroid 
calculation 
MATLAB 3 Accuracy: 91% Clinical 
diagnosis 
[32] Present, Absent, 
Low, Medium, High 
— AND-OR MAX-DOT — — — 50 Accuracy: 100% Clinical 
diagnosis 
[25] — — — — — — — 292 Deﬁnite level: 
Sensitivity: 
72.6% 
Speciﬁcity: 
87.0% 
Possible level: 
Sensitivity: 73.3 
- 85.6% 
Speciﬁcity: 83.6 
- 87.0% 
Super deﬁnite 
level: 
Sensitivity: 39.0 
- 63.7% 
Speciﬁcity: 90.4 
- 95.2% 
Clinical 
diagnosis 
[21] Impossible, Almost 
impossible, Slightly 
possible, Moderately 
possible, Possible, 
Quite possible, Very 
possible, Sure 
— AND — 1058 — MILORD 
environ- 
ment 
32 Accuracy: 75% Clinical 
diagnosis 
[33] Very increased, 
Increased, Normal, 
Decreased, Very 
decreased, Very low, 
Low, Medium, High, 
very High 
— AND-OR — — — — 150 Accuracy: 92% Clinical 
diagnosis 
[34] Very increased, 
Increased, Normal, 
Decreased, Very 
decreased, Very low, 
Low, Medium, High, 
very High 
Sigmoid AND-OR Mamdani 2756 — Prolog 25 Accuracy: 87% Clinical 
diagnosis 
( continued on next page ) 
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Table 4 ( continued ) 
Reference Details of fuzzy method Sample 
size 
(test) 
Results Reference 
for 
diagnosis 
Linguistic variables Membership 
function 
Fuzzy 
operator 
Fuzzy inference Number of 
rules 
Defuzziﬁcation 
method 
Software 
[18] Always almost, 
Always, Vary often, 
Often, Medium 
seldom, Very seldom, 
Almost never, Never, 
Very strong, strong, 
Weak, Very weak 
—
Max- 
Min 
— — — —
426 Accuracy: 93.7% Clinical 
diagnosis 
[24] 54 Among the ﬁrst 
ﬁve 
hypotheses: 
48% 
Clinical 
diagnosis 
[26] 300 Accuracy: 89.3% 
Sensitivity: 
83.3% 
Speciﬁcity: 
95.3% 
Clinical 
diagnosis 
[27] 322 Accuracy: 81.7% Clinical 
diagnosis 
[28] 327 Accuracy: 81% Clinical 
diagnosis 
∗Not mentioned; ∗∗Positive Predictive Value; ∗∗∗Negative Predictive Value. 
Table 5 
Characteristics of fuzzy systems that designed with methods other than rule base. 
Reference 
Details of fuzzy method Sample size Results 
Reference 
for di- 
agnosis 
Fuzzy method Membership 
function 
Linguistic 
variables 
Fuzzy 
oper- 
ator 
Fuzzy 
infer- 
ence 
Software Train Test 
[38] FSVM —∗ — — — — 18 9 Accuracy: 
97.67 ±0.82 
Speciﬁcity: 
95.25% 
Sensitivity(myopathic): 
98.25% 
Sensitivity(neurogenic): 
99.5% 
—
[35] ANFIS Triangular — —
Sugeno 
MATLAB 169 169 Accuracy: 97.2% Patient 
data 
[41] FDT-SVM ∗∗ Sigmoid Normal, 
Moderate, 
Severe 
MAX — — 32 4 Accuracy: 93.44% Patient 
data 
[36] Neuro-fuzzy system Triangular Small, 
Medium, 
Large 
AND — — 87 90 Accuracy: 90% 
Diagnostic 
test 
[42] 1) Naive Bayes-fuzzy 
2) Semi-naive 
Bayes-fuzzy 
— — — — — 83 35 Accuracy Naïve 
Bayes-fuzzy: 
69.4% 
Accuracy 
Semi-naïve 
Bayes-fuzzy: 
59.4% 
Patient 
data 
[40] Distance-based Fuzzy 
number approach 
Triangular, 
gaussian, 
bi-gaussian 
Normal, 
Border- 
line, 
Clear-cut, 
Severe 
— — C lan- 
guage 
on 
McIn- 
tosh 
203 291 Accuracy: 90% Clinical 
diagno- 
sis 
∗Not mentioned; ∗∗ Fuzzy decision tree-based support vector machines. 
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a3.3. The fuzzy method used to design the CDSS knowledge base 
Tables 4 and 5 show the characteristics of fuzzy systems and
methods used to design the knowledge base. In some of the in-
cluded studies [25,37,38,42] , the details of fuzzy methods were not
stated. Also, in ﬁve studies that were related to CADIAG-2 system
the details of fuzzy methods were not mentioned [18,24,26–28] .
The design methods of knowledge base were rule-based in 17 stud-
ies (74%) ( Table 4 ). In other studies (6, 26%), combined methods
such as Adaptive Neuro-Fuzzy Inference System (ANFIS) and Fuzzyupport Vector Machines (FSVM) were used to design the CDSS
nowledge base ( Table 5 ). 
The membership functions used to determine the degree of
embership were: triangular, trapezoidal, Gaussian, bi-Gaussian,
nd sigmoid. Of the eleven studies that mentioned their member-
hip functions, ﬁve used a combination of triangular and trape-
oidal [20,29–31,39] , three used triangular [19,35,36] , two used sig-
oid [34,41] , and one used a combination of triangular, Gaussian,
nd bi-Gaussian methods [40] . 
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Table 6 
Sample size and accuracy of the systems. 
Design 
methods 
Sample size 
Accuracy Test Train 
Rule-based – Median: 150 
Range: 3–460 
IQR1 = 50 IQR3 = 314 
Median: 91% 
Range: 48% - 100% 
IQR1 = 81, IQR3 = 93.7 
Other fuzzy methods Median: 85 
Range: 18–203 
IQR1 = 28.5, IQR3 = 177.5 
Median: 62.5 
Range: 4–291 
IQR1 = 7.7, IQR3 = 199.5 
Median: 90% 
Range: 59.4% - 97.67% 
IQR1 = 69.4, IQR3 = 97.2 
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b  
t  Seven studies mentioned their inference method, of which ﬁve
tudies used the Mamdani method [20,29,31,34,39] , one study used
he Sugeno method [35] , and one used the MAX-DOT method [32] .
ive studies mentioned the defuzziﬁcation method, [20,29–31,39] ,
ll of which were centroid calculations. Eight studies mentioned
he number of rules used to design the CDSSs knowledge base [19–
1,29–31,34,39] . 
.4. Fuzzy CDSSs accuracy test results for MSDs 
The median of the number of samples used to train and test
he systems and their results are presented in Table 6 . The me-
ian of accuracy was 91% for fuzzy rule-based systems and 90% for
ther fuzzy models. The accuracy of two systems was 100% both
f which used the rule-based design method [30,32] . The lowest
ccuracy was 48%, which used the rule-based design method, too
24] . The sensitivity and speciﬁcity of the diagnosis were reported
n seven studies. The lowest and highest sensitivity were 72.6%
25] and 99.5% [38] , respectively. The lowest and highest speciﬁcity
ere 71% [19] and 98.01% [29] , respectively. 
. Discussion 
This review aggregated the results of the studies that have used
uzzy logic to design a CDSS to diagnose MSDs and have tested
he system’s accuracy. The results of this study showed that only
ne system (CADIAG-2) was used in the clinical environment. In
bout half of the included studies (52%), CDSSs were used to di-
gnose inﬂammatory/infectious disorder of the bone and joint. In
ost of the included studies (70%), the system knowledge was ac-
uired using a combination of three methods of acquisition from
xperts, analyzing the data, and literature. The median accuracy of
he systems that used rule-based methods was 91% and it was 90%
or other fuzzy methods. Triangular and trapezoidal functions were
he most used membership functions. Mamdani method was the
ost used method for inference. 
The results of this study showed that among the designed sys-
ems, only CADIAG-2 was used in the clinical environment for the
iagnosis of MSDs. The implementation and use of just one system
mong the designed systems despite their high accuracy might be
ue to the challenges that the implementation of information sys-
ems in clinical environments entail. A review study that focuses
n the challenges of using expert systems and neural networks in
he medical domain has shown that the implementation of these
ystems faces many challenges [43] . These challenges are related
o: system maintenance, inputting patients’ data into the system,
nowledge acquisition, modeling medical knowledge, the system’s
alidation and evaluation, concerns about system’s wrong recom-
endations, irresponsibility of people related to the system (sys-
em developer, knowledge engineer and physician), limited clinical
omains of the systems, and the lack of the integration of the sys-
ems with the electronic medical records [43] . The CADIAG-2 has
sed the following solutions to cope with these challenges: con-
ected to a medical information system and solved the problems
f manual data entry, incorporated a wide range of clinical domain267 diseases), and also used a combination of methods to gain
nowledge. However, despite these solutions, the need to improve
he knowledge of the system, the need to train system users, and
he lack of complete data were mentioned as the challenges of im-
lementing CADIAG-2 [26,44,45] . Therefore, it is necessary to con-
ider these challenges before implementing these diagnostic sys-
ems in the clinical environment and to ﬁnd suitable solutions for
hem. 
The results of this study showed that about half of the tested
ystems (52%) were designed to diagnose inﬂammatory/infectious
isorder of the bone and joint. The rheumatic disease was the
ost examined disease by the researchers. Of the reasons for the
igh attention of the researchers to this category of MSDs were
he diﬃculty of diagnosing the disease for nonspecialist physicians,
ack of a clear-cut nosology, the need to consider a combination
f symptoms, signs and clinical ﬁndings for diagnosis, and non-
eﬁned speciﬁc boundaries of these types of diseases [21,25,30] . 
The knowledge base is an important part of CDSSs [46] , and
nowledge acquisition is a bottleneck in creating these systems
47] . The results of this study showed that in most of the included
tudies (70%), the knowledge was extracted using a combination
f methods of acquisition from experts, analyzing the data, and
iterature. By acquisition of knowledge from experts, you can cre-
te transparent systems that can be expanded[48]. There may also
e problems with the acquisition of knowledge from experts, in-
luding that experts are not always available and their knowledge
s incomplete, episodic, and time-varying [48] . On the other hand,
n case of increased number of variables and volume of data, the
xtraction of knowledge from data can be appropriate and reduce
he complexity of the system [49] . Extracting knowledge from data
lso faces a series of structural issues, including selecting relevant
eatures and ﬁnding an effective partitioning of the input domain
50] . Therefore, in order to cope with the problems of each of the
nowledge extraction methods, it appears necessary to use a com-
ination of these methods. 
The results of this study showed that the median accuracy of
he fuzzy rule-based methods was 91%, and the median accu-
acy of other fuzzy methods was 90%, indicating the high accu-
acy of these systems in diagnosis of MSDs. In line with these re-
ults, Pombo et al., in a review study, also concluded that in the
eld of medical diagnosis, three methods of fuzzy logic, Bayesian
etworks, and logistic regression had the highest accuracy (100%)
ompared to other knowledge modeling methods [17] . A number
f studies have also shown that systems that use fuzzy logic for
iagnosis and risk assessment of cardiovascular diseases, diabetes,
ung cancer, diseases related to the lymph system, thyroid disease
nd hepatitis, had the highest accuracy in comparison with other
ethods, including C4.5, Naive Bayes, linear discriminant analysis,
rtiﬁcial immune recognition system, and neural network [51–58] .
herefore, it can be concluded that fuzzy logic is a suitable method
or designing a diagnostic CDSSs knowledge base. 
The results of this study showed that the most frequent mem-
ership functions used in the included studies were triangular and
rapezoidal functions. Jin Zhao et al. evaluated the inﬂuence of
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 the various types of membership functions on the performance
of the system and showed that triangular membership functions
had the best performance, and the trapezoidal membership func-
tions had a very close performance to the triangular membership
functions [59] . Also, the implementation of triangular membership
functions is very simple because they consist of simple straight
line segments [59] . The ﬁndings of another study also conﬁrmed
that triangular and trapezoidal membership functions perform bet-
ter than other membership functions [60] . It is also shown that
Gaussian membership functions have poorer results than triangu-
lar and trapezoidal functions [61] . 
The fuzzy inference mechanism in most studies whose infer-
ence was mentioned (71%) was the Mamdani method, and only
one study has used the Sugeno method whose system design
method was the ANFIS [35] . The results of the studies compar-
ing these two methods showed that Sugeno had a better perfor-
mance than the Mamdani method [62–64] . Blej et al. compared
these two methods in real time scheduling systems and showed
that both methods had similar performance except in cases where
the Sugeno method allowed the system to work at full capac-
ity [63] . Marzuki et al. compared these two inference methods to
measure heartbeat based on ECG signal, indicated that the num-
ber of rules required by the Mamdani system was more than the
Sugeno system [64] . This indicates that the Mamdani system is
more complex and requires more time to provide the outcomes.
So Sugeno system is better in relation to the number of correct
classiﬁcation, sensitivity, and processing time of the system than
the Mamdani. It is recommended that further studies investigate
the effect of using these two inference methods on the accuracy of
diagnostic CDSSs. 
This study has some strengths and limitations. One of the
strengths of this study was searching four important databases (i.e.
Medline, ISI Web of Science, Scopus, and Cochrane) which lowered
the possibility of missing relevant studies. We also did not apply
any time limit in the search. Of the limitations of this study was
the non-inclusion of papers presented at conferences (due to the
lack of their full text) and papers in non-English languages. Con-
sequently, there is the probability of missing a number of related
studies. 
The results of this study showed that Fuzzy CDSSs have high
accuracy for diagnosis of MSDs. Hence, these systems can be used
by specialists to diagnose such disorders. In order to extract the
knowledge of these systems, it is better to use a combination of
three methods of acquisition from experts, analyzing the data, and
literature. Before designing these systems, their implementation
challenges need to be considered, too, and appropriate solutions
are to be predicted for their implementation in clinical environ-
ments. Given the problems associated with the implementation of
these systems, it is recommended that they are used at least as an
educational tool for medical students. 
No studies have developed fuzzy CDSSs to help diagnose the
congenital/hereditary, neoplasm of musculoskeletal tissue, and id-
iopathic disorders. It is recommended that these systems be de-
signed for the above-mentioned diseases in future studies. Con-
sidering that fuzzy CDSSs were only examined in the diagnosis of
MSDs in this study, it is recommended that these systems be con-
sidered for prediction, screening and risk assessment of the MSDs
too. 
5. Conclusions 
In general, fuzzy CDSSs have a high degree of accuracy in diag-
nosis of MSDs. Despite the high accuracy of these systems, their
implementation has so far been limited in the clinical environ-
ments due to the implementation challenges. Among MSDs cat-
egories, fuzzy CDSSs are more developed to diagnose inﬂamma-ory/infectious disorder of the bone and joint. To acquire knowl-
dge for fuzzy CDSSs to diagnose MSDs, one of the following three
ethods or a combination of them can be used (knowledge ac-
uisition from experts, dataset, and literature). In case of using a
ombination of these knowledge acquiring methods, these systems
ill have a strong knowledge base. To design of knowledge base
or CDSSs to diagnose MSDs, rule-based methods are used more
han other fuzzy methods. 
onﬂict of interest 
The authors have no conﬂict of interests to declare. 
cknowledgment 
This study was supported by a grant from Kashan University of
edical Sciences Research Council (Number: 94159 ) 
upplementary materials 
Supplementary material associated with this article can be
ound, in the online version, at doi: 10.1016/j.cmpb.2018.06.002 . 
eferences 
[1] Vos T, Allen C, Arora M, Barber R, Bhutta Z, Brown A, et al. Global, regional,
and national incidence, prevalence, and years lived with disability for 310 dis-
eases and injuries, 1990–2015: a systematic analysis for the global burden of
disease study 2015. 2016. 
[2] D Coggon , G Ntani , S Vargas-Prada , JM Martinez , C Serra , FG Benavides , et al. ,
International variation in absence from work attributed to musculoskeletal
illness: ﬁndings from the CUPID study, Occup. Environ. Med. 70 (8) (2013)
575–584 . 
[3] M Moradi-Lakeh , MH Forouzanfar , SE Vollset , C El Bcheraoui , F Daoud , A Af-
shin , et al. , Burden of musculoskeletal disorders in the eastern Mediterranean
region, 1990–2013: ﬁndings from the global burden of disease study, Annals
Rheumatic Dis. (2013) 2017annrheumdis-2016-210146 . 
[4] FM Amiri , A Khadivar , A fuzzy expert system for diagnosis and treatment of
musculoskeletal disorders in wrist, Tehni ˇcki vjesnik 24 (Supplement 1) (2017)
147–155 . 
[5] K Storheim , J.A. Zwart , Musculoskeletal Disorders and the Global Burden of
Disease Study, BMJ Publishing Group Ltd, 2014 . 
[6] Z Yin , Z Dong , X Lu , S Yu , X Chen , H Duan , A clinical decision support system
for the diagnosis of probable migraine and probable tension-type headache
based on case-based reasoning, J. Headache Pain 16 (1) (2015) 29 . 
[7] Z Arabasadi , R Alizadehsani , M Roshanzamir , H Moosaei , AA Yarifard , Com-
puter aided decision making for heart disease detection using hybrid neural
network-Genetic algorithm, Comput. Methods Programs Biomed. 141 (2017)
19–26 . 
[8] S Akbar , MU Akram , M Sharif , A Tariq , U ullah Yasin , Arteriovenous ratio and
papilledema based hybrid decision support system for detection and grad-
ing of hypertensive retinopathy, Comput. Methods Prog. Biomed. 154 (2018)
123–141 . 
[9] AX Garg , NK Adhikari , H McDonald , MP Rosas-Arellano , P Devereaux , J Beyene ,
et al. , Effects of computerized clinical decision support systems on practitioner
performance and patient outcomes: a systematic review, Jama 293 (10) (2005)
1223–1238 . 
[10] H Ocak , A medical decision support system based on support vector machines
and the genetic algorithm for the evaluation of fetal well-being, J. Med. Syst.
37 (2) (2013) 9913 . 
[11] D Rossille , J-F Laurent , A Burgun , Modelling a decision-support system for on-
cology using rule-based and case-based reasoning methodologies, Int. J. Med.
Inf. 74 (2) (2005) 299–306 . 
[12] C-M Chao , Y-W Yu , B-W Cheng , Y-L. Kuo , Construction the model on the breast
cancer survival analysis use support vector machine, logistic regression and
decision tree, J. Med. Syst. 38 (10) (2014) 106 . 
[13] AC Constantinou , N Fenton , W Marsh , L Radlinski , From complex questionnaire
and interviewing data to intelligent Bayesian network models for medical de-
cision support, Artif. Intell. Med. 67 (2016) 75–93 . 
[14] RH Abiyev , S Abizade , Diagnosing Parkinson’s diseases using Fuzzy neural sys-
tem, Comput. Math. Methods. Med. (2016) . 
[15] M Moharrer , H Tahayori , L Livi , A Sadeghian , A Rizzi , Interval type-2 fuzzy sets
to model linguistic label perception in online services satisfaction, Soft Com-
put. 19 (1) (2015) 237–250 . 
[16] MF Abbod , DG von Keyserlingk , DA Linkens , M Mahfouf , Survey of utilisation
of fuzzy technology in medicine and healthcare, Fuzzy Sets Syst. 120 (2) (2001)
331–349 . 
[17] N Pombo , P Araújo , J Viana , Knowledge discovery in clinical decision support
systems for pain management: a systematic review, Artif. Intell. Med. 60 (1)
(2014) 1–11 . 
M. Farzandipour et al. / Computer Methods and Programs in Biomedicine 163 (2018) 101–109 109 
 
 
 
[  
 
 
[  
 
[  
 
 
 
[  
 
[  
 
 
[  
[  
 
[  
 
[  
 
 
 
[  
 
[  
 
 
 
[  
[  
 
[  
 
 
 
[  
 
[  
 
[  
 
[  
 
[  
 
[  
 
[  
[  
 
 
[  
 
[  
 
[  
 
[  
 
 
[  
 
 
 
[  
 
[  
 
[  
 
 
 
[  
[  
 
[  
 
 [18] KP Adlassing , G Kolarz , W Scheithauer , H Effenberger , G Grabner , CADIAG: ap-
proaches to computer-assisted medical diagnosis, Comput. Biol. Med. 15 (5)
(1985) 315–335 . 
[19] A. Keles , Expert Doctor Verdis, Integrated medical expert system, Turk. J. Electr.
Eng. Comput. Sci. 22 (4) (2014) 1032–1043 . 
20] R Kunhimangalam , S Ovallath , PK Joseph , A novel Fuzzy expert system for the
identiﬁcation of severity of Carpal tunnel syndrome, Biomed. Res. Int. (2013) . 
[21] M Belmonte-Serrano , C Sierra , R Lopez de Mantaras , RENOIR: an expert system
using Fuzzy logic for rheumatology diagnosis, Int. J. Intell. Syst. 9 (11) (1994)
985–10 0 0 . 
22] D Moher , A Liberati , J Tetzlaff, DG Altman , P Group , Preferred reporting items
for systematic reviews and meta-analyses: the PRISMA statement, PLoS Med.
6 (7) (2009) e1000097 . 
23] RB Salter , Textbook of Disorders and Injuries of the Musculoskeletal System:
An Introduction to Orthopaedics, Fractures, and Joint Injuries, Rheumatology,
Metabolic Bone Disease, and Rehabilitation:, Williams & Wilkins, 1999 . 
[24] H Leitich , HP Kiener , G Kolarz , C Schuh , W Graninger , KP Adlassnig , A prospec-
tive evaluation of the medical consultation system CADIAG-II/RHEUMA in a
rheumatological outpatient clinic, Methods Inf. Med. 40 (3) (2001) 213–220 . 
25] H Leitich , KP Adlassnig , G Kolarz , Development and evaluation of fuzzy criteria
for the diagnosis of rheumatoid arthritis, Methods Inf. Med. 35 (4-5) (1996)
334–342 . 
26] KP Adlassnig , H Leitich , G Kolarz , On the applicability of diagnostic criteria for
the diagnosis of rheumatoid arthritis in an expert system, Expert Syst. Appl. 6
(4) (1993) 4 41–4 48 . 
[27] G Kolarz , KP Adlassnig , Problems in establishing the medical expert systems
CADIAG-1 and CADIAG-2 in rheumatology, J. Med. Syst. 10 (4) (1986) 395–
405 . 
28] KP Adlassnig , G Kolarz , W Scheithauer , Present state of the medical expert sys-
tem CADIAG-2, Methods Inf. Med. 24 (1) (1985) 13–20 . 
29] R Kunhimangalam , S Ovallath , PK Joseph , A clinical decision support system
with an integrated EMR for diagnosis of peripheral neuropathy, J. Med. Syst.
38 (4) (2014) . 
30] S Singh , A Kumar , K Panneerselvam , JJ Vennila , Diagnosis of arthritis through
Fuzzy inference system, J. Med. Syst. 36 (3) (2012) 1459–1468 . 
[31] TF Blessia , S Singh , A Kumar , JJ Vennila , Application of knowledge based sys-
tem for diagnosis of osteoarthritis, J. Artif. Intell. 4 (4) (2011) 269–278 . 
32] E Binaghi , I Gallo , C Ghiselli , L Levrini , K Biondi , An integrated Fuzzy logic and
web-based framework for active protocol support, Int. J. Med. Inf. 77 (4) (2008)
256–271 . 
[33] E Binaghi , MaggiG De Giorgi O , T Motta , A Rampini , Computer-assisted diagno-
sis of postmenopausal osteoporosis using a Fuzzy expert system shell, Comput.
Biomed. Res. Int. J. 26 (6) (1993) 498–516 . 
34] E Binaghi , Fuzzy logic inference model for a rule-based system in medical di-
agnosis, Expert Syst. 7 (3) (1990) 134–141 . 
[35] M Sari , E Gulbandilar , A Cimbiz , Prediction of low back pain with two expert
systems, J. Med. Syst. 36 (3) (2012) 1523–1527 . 
36] S Kocer , Classiﬁcation of EMG signals using neuro-Fuzzy system and diagnosis
of neuromuscular diseases, J. Med. Syst. 34 (3) (2010) 321–329 . 
[37] R Al-Kasasbeh , N Korenevskiy , F Ionescu , M Alshamasin , AP Smith , A Alwadie ,
Biotechnical measurement and software system for the prediction and diagno-
sis of osteochondrosis of the lumbar region with the use of fuzzy logic rules,
Biomedizinische Technik Biomed. Eng. 58 (1) (2013) 51–55 . 
38] A Subasi , Medical decision support system for diagnosis of neuromuscular dis-
orders using DWT and Fuzzy support vector machines, Comput. Biol. Med. 
42 (8) (2012) 806–815 . 
39] AP Picon , NR Ortega , R Watari , C Sartor , IC Sacco , Classiﬁcation of the sever-
ity of diabetic neuropathy: a new approach taking uncertainties into account
using fuzzy logic, Clinics 67 (2) (2012) 151–156 . 
40] L Duckstein , A Blinowska , J Verroust , Fuzzy classiﬁcation of patient state
with application to electrodiagnosis of peripheral polyneuropathy, IEEE Trans.
Biomed. Eng. 42 (8) (1995) 786–792 . 
[41] SP Moustakidis , JB Theocharis , G Giakas , A fuzzy decision tree-based SVM clas-
siﬁer for assessing osteoarthritis severity using ground reaction force measure-
ments, Med. Eng. Phys. 32 (10) (2010) 1145–1160 . 42] I Zelic , I Kononenko , N Lavrac , V Vuga , Induction of decision trees and Bayesian
classiﬁcation applied to diagnosis of sport injuries, J. Med. Syst. 21 (6) (1997)
429–4 4 4 . 
43] A Sheikhtaheri , F Sadoughi , ZH Dehaghi , Developing and using expert systems
and neural networks in medicine: a review on beneﬁts and challenges, J. Med.
Syst. 38 (9) (2014) . 
44] KP Adlassnig , G Kolarz , W Scheithauer , H Grabner , Approach to a hospi-
tal-based application of a medical expert system, Med. Inf. Med. et Informa-
tique 11 (3) (1986) 205–223 . 
45] KP Adlassnig , G Kolarz , Representation and semiautomatic acquisition of med-
ical knowledge in CADIAG-1 and CADIAG-2, Comput. Biomed. Res. Int. J. 19 (1)
(1986) 63–79 . 
46] CW Holsapple , KD Joshi , Organizational knowledge resources, Decis. Support
Syst. 31 (1) (2001) 39–54 . 
[47] BR. Gaines , Knowledge acquisition: past, present and future, Int. J. Human
Comput. Stud. 71 (2) (2013) 135–156 . 
48] H Roubos , M Setnes , Compact and transparent fuzzy models and classiﬁers
through iterative complexity reduction, IEEE Trans. Fuzzy Syst. 9 (4) (2001)
516–524 . 
49] Y. Jin , Fuzzy modeling of high-dimensional systems: complexity reduction
and interpretability improvement, IEEE Trans. Fuzzy Syst. 8 (2) (20 0 0) 212–
221 . 
50] JA Roubos , M Setnes , J Abonyi , Learning fuzzy classiﬁcation rules from labeled
data, Inf. Sci. 150 (1) (2003) 77–93 . 
[51] V Khatibi , GA Montazer , A fuzzy-evidential hybrid inference engine for
coronary heart disease risk assessment, Expert Syst. Appl. 37 (12) (2010)
8536–8542 . 
52] S Muthukaruppan , MJ Er , A hybrid particle swarm optimization based fuzzy
expert system for the diagnosis of coronary artery disease, Expert Syst. Appl.
39 (14) (2012) 11657–11665 . 
53] K Polat , S Gunes , Medical decision support system based on artiﬁcial immune
recognition immune system (AIRS), fuzzy weighted pre-processing and feature
selection, Expert Syst. Appl. 33 (2) (2007) 4 84–4 90 . 
54] D Pal , KM Mandana , S Pal , D Sarkar , C Chakraborty , Fuzzy expert system ap-
proach for coronary artery disease screening using clinical parameters, Knowl.
Based Syst. 36 (2012) 162–174 . 
55] K Polat , S Gunes , Automated identiﬁcation of diseases related to lymph sys-
tem from lymphography data using artiﬁcial immune recognition system with
fuzzy resource allocation mechanism (Fuzzy-AIRS), Biomed. Signal Process.
Control 1 (4) (2006) 253–260 . 
56] DY Liu , HL Chen , B Yang , XE Lv , LN Li , J Liu , Design of an enhanced Fuzzy
k -nearest neighbor classiﬁer based computer aided diagnostic system for thy-
roid disease, J. Med. Syst. 36 (5) (2012) 3243–3254 . 
[57] MR Daliri , A hybrid automatic system for the diagnosis of lung cancer based
on genetic algorithm and fuzzy extreme learning machines, J. Med. Syst. 36 (2)
(2012) 1001–1005 . 
58] K Polat , S Gunes , An expert system approach based on principal component
analysis and adaptive neuro-fuzzy inference system to diagnosis of diabetes
disease, Digital Signal Process. 17 (4) (2007) 702–710 . 
59] J Zhao , BK Bose , editors. Evaluation of membership functions for Fuzzy logic
controlled induction motor drive, IECON 02 Industrial Electronics Society, IEEE
2002 28th Annual Conference of the, IEEE, 2002 . 
60] Gayathri J, Sekhar NG, Kumar KR. Performance evaluation of membership func-
tions on Fuzzy logic controlled AC voltage controller for speed control of in-
duction motor drive. 2011. 
[61] OAM Ali , AY Ali , BS Sumait , Comparison between the effects of different types
of membership functions on Fuzzy logic controller performance, Int. J. 76
(2015) 76–83 . 
62] O Kisi , Applicability of Mamdani and Sugeno Fuzzy genetic approaches for
modeling reference evapotranspiration, J. Hydrol. 504 (2013) 160–170 . 
63] M Blej , M Azizi , Comparison of Mamdani-type and Sugeno-type Fuzzy infer-
ence systems for Fuzzy real time scheduling, Int. J. Appl. Eng. Res. 11 (22)
(2016) 11071–11075 . 
64] A Marzuki , SY Tee , S Aminifar , Study of Fuzzy systems with Sugeno and Mam-
danitype Fuzzy inference systems for determination of heartbeat cases on
Electrocardiogram (ECG) signals, Int. J. Biomed. Eng. Technol. 14 (3) (2014)
243–276 . 
